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Abstract 

The south-western region of Bangladesh, encompassing Khulna, Satkhira, and Bagerhat districts, faces recurrent 

flooding due to its low-lying coastal position in the Ganges-Brahmaputra-Meghna delta, threatening agriculture, 

aquaculture, and livelihoods. The coastal region of these three districts frequently faces riverine flooding, tidal 

surges, and cyclone-induced floods (e.g., Cyclone Amphan in 2020). Satkhira and Bagerhat are especially 

vulnerable to salinity intrusion and coastal flooding, while Khulna is affected by both riverine and urban 

flooding. The area is critical for paddy rice agriculture (Khulna) and shrimp aquaculture (Satkhira, Bagerhat), 

both highly sensitive to flood impacts, making it a priority for impact assessment. This study employs Google 

Earth Engine (GEE) and Geographic Information Systems (GIS) to assess flood impacts and enhance disaster 

management over a 10-year period (2015–2024) using Sentinel-1 Synthetic Aperture Radar (SAR) and Sentinel-

2 imagery for flood mapping, Landsat-8 imagery for land use/land cover (LULC) classification, and gridded 

population datasets to evaluate socio-economic impacts. Results reveal notable inter-annual flood variability, 

with severe inundations in 2016, 2020, and 2022 affecting up to 20% of cropland. WorldPop analysis identified 

2016 as most impacted (648,000 people), while Cyclone Amphan (2020) caused peak inundation and exposure, 

demonstrating the framework’s effectiveness for deltaic flood risk assessment. 
  

Keywords: GIS; GEE; SAR; Flood Susceptibility Mapping, Flood Risk  

 

1 Introduction 

 

Flooding is a recurring hazard in Bangladesh’s southwestern coastal districts- Khulna, Bagerhat, and Satkhira-

within the Ganges-Brahmaputra-Meghna (GBM) delta near the Bay of Bengal. Frequent monsoon floods, tidal 

surges, and cyclone-induced inundations threaten livelihoods and agriculture, while climate change intensifies 

these events, underscoring the need for continuous, spatially detailed flood monitoring for improved disaster 

preparedness (Avci et al., 2023; Ghosh et al., 2014). 

 

This study utilizes multi-temporal Sentinel-1 SAR data within Google Earth Engine (GEE) to map flood extent 

and depth (2015–2024), including cyclone-induced events from Fani (2019) and Amphan (2020). Threshold-based 

change detection, topographic depth estimation, and Sentinel-2 validation ensured mapping accuracy. Landsat 8 

and the Random Forest algorithm (Junaid et al., 2023) characterized LULC impacts, while WorldPop data (Butar, 

2025; Pandey et al., 2022) quantified population exposure, establishing a decadal flood archive for coastal 

Bangladesh vulnerability analysis. 

 

 

2 Materials and Methods 

 

2.1 Study Area 

The study area covers the southwestern coastal region of Bangladesh, including the districts of Khulna, Bagerhat, 

and Satkhira, located within the Ganges-Brahmaputra-Meghna (GBM) Delta. This low-lying, flood-prone region 

(21°30′N–23°30′N, 88°30′E–90°00′E) spans approximately 12,206 km², with nearly 49% occupied by the 

Sundarbans mangrove forest. The analysis focuses on the populated and agricultural flood-affected zones, 

excluding the Sundarbans due to its uninhabited and ecologically distinct character. The area receives an average 

annual rainfall of 1,700–2,000 mm, over 80% of which occurs during the monsoon season (Khan et al., 2023). 

Monsoon floods from June to September frequently impact croplands and settlements; therefore, this study 

examines both seasonal and extreme flood events to understand their spatial distribution and socio-economic 

impacts in this vulnerable coastal region. 
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Figure 1.  Study Area of Khulna, Bagerhat and Satkhira districts. 

 

2.2 Dataset for Flood Mapping 

Sentinel-1 SAR Data: Synthetic Aperture Radar (SAR) is an active remote sensing technique effective for flood 

monitoring under all weather and lighting conditions. It measures backscattered signals influenced by surface 

geometry, roughness, and moisture (Carreño Conde & De Mata Muñoz, 2019). Flooded areas exhibit low 

backscatter, enabling clear detection. This study employed Sentinel-1A C-band VV polarization SAR data (10 m 

resolution, 12-day revisit) from Google Earth Engine (Gord & Mavaddat, n.d.). 

 

SAR Sentinel-1 Data Pre-Processing: Sentinel-1 data were pre-processed in Google Earth Engine (GEE) using 

the Sentinel-1 toolbox with precise orbital parameters (Moharrami et al., 2021). Descending orbit VV-polarized 

IW-mode images ensured consistent acquisitions and accurate flood mapping (Moothedan et al., 2020). Pre- and 

post-flood composites (2019–2022) were generated and speckle-filtered using a 30 m focal median kernel. 

 

Change Detection Approach for Flooded Area Mapping: This study employed a threshold-based change detection 

method using multi-temporal Sentinel-1 SAR imagery to map flood-affected areas. Median pre-flood (January–

February 2022) and post-flood (June–August 2022) composites were differenced, with areas showing >2.5 dB 

backscatter reduction classified as inundated. Permanent waterbodies were excluded using the JRC Global Surface 

Water dataset (v1.3; seasonality ≥5) (Rahaman & Shermin, 2022). The same approach was applied to cyclone-

induced floods from Fani (2019) and Amphan (2020) for consistent inundation mapping. 

 

Calculation of Flood Depth and Removing Over-estimated Area: To minimize misclassification of urban and 

seasonally waterlogged areas as floods, flood depth was estimated using the FwDET method (Tazmul Islam & 

Meng, 2022; Peter et al., 2022) with SAR-derived extent and SRTM DEM. Following Peter et al. (2022) and 

Cohen et al. (2018, 2019), flood surfaces were interpolated, and depths ≤0.5 m were excluded, enhancing flood 

extent accuracy and reducing false positives. 

 

                              
(i)                                                                                                   (ii) 

 

Figure 2.  Sentinel-1 composites of Reference image & flooded image in June-August from 2020 (i) and 

Comparisons of flood mapping (in blue shows flooded areas) before and after removing over estimated area (ii) 

Validation of Sentinel 1 Imagery: Flood mapping accuracy was validated using Sentinel-2 and Digital Globe 

imagery. Cloud-free Sentinel-2 composites were used to generate MNDWI-based flood maps (Huang & Jin, 2020; 

Landuyt et al., 2020; McCormack et al., 2022) for comparison with Sentinel-1 results. Accuracy was assessed 

using a confusion matrix approach (Saleh et al., 2020; Hütt et al., 2016; Tazmul Islam & Meng, 2022), calculating 

Overall, Producer’s, and User’s Accuracy to evaluate the reliability of the Sentinel-1 flood mapping. 
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Calculation of Flood Area: Flood extent was quantified in Google Earth Engine (GEE) using pixelArea() and 

reduceRegion() functions at 10 m resolution, producing area estimates in square meters. The GeoTIFF outputs 

were analyzed in ArcGIS 10.8 using zonal histogram and Tabulate Area tools to assess district-wise flood 

distribution (Shinde et al., 2023). 

 

2.3 Dataset for Land Use and Land Cover Analysis 

Landsat Imagery: The Landsat program, operational since 1972, provides widely used open-access data for 

environmental research (Amini et al., 2022). With free access since 2008, downloads exceeded 20 million by 

2017. For LULC classification, Landsat 8 Surface Reflectance images (2015–2024) were processed in Google 

Earth Engine (GEE). The Area of Interest was defined, and dry-season (January–March) images with <5% cloud 

cover was selected using the CLOUD_COVER filter (Nguyen et al., 2018). A median composite was generated 

and clipped to the AOI, producing a clean, consistent dataset for accurate classification. 

 

Random Forest Classification: The Random Forest (RF) algorithm (Breiman, 2001) was applied in Google Earth 

Engine (GEE) for LULC classification using Landsat 8 Surface Reflectance imagery. Leveraging its robustness 

and capability to handle complex spectral data (Adam et al., 2014; Talukdar et al., 2020; Avci et al., 2023), NDVI 

and MNDWI indices (Da Silva et al., 2020) enhanced vegetation–water separation. Training samples represented 

five classes: agricultural land, light vegetation, dense vegetation (mangroves), water bodies (shrimp aquaculture), 

and built-up areas. The dataset (80% training, 20% validation) was classified using 100 decision trees, with 

accuracy validated via confusion matrix, kappa, and producer’s/user’s accuracy metrics. 

 

2.4 Dataset for Population Exposure Calculation 

The WorldPop dataset (100 m resolution) from the Humanitarian Data Exchange (HDX) provides annual gridded 

population estimates for Bangladesh using census data and geospatial covariates consistent with UN totals (Butar, 

2025). This study integrated WorldPop (2015–2024) with Sentinel-1 SAR flood maps to quantify exposed 

populations in Khulna, Satkhira, and Bagerhat. Harmonized datasets enabled extraction through raster masking 

and zonal statistics, with exposure calculated as absolute and percentage values and validated using census data 

(Pandey et al., 2022). 

 

 
 

Figure 3. Generation of Population exposed to Flooding Map 

a) Population Map 2022. b) Flood Map 2022. c) Flooded Population Map 2022 

 

 

3. Results and Discussion 

 

3.1 Flood Mapping Evaluation 

Flood inundation analysis across Khulna, Bagerhat, and Satkhira (2015–2024) using Sentinel-1 C-band SAR (VV 

polarization) revealed notable inter-annual variability in monsoonal flood extent. A refined flood mapping 

framework- integrating change detection, thresholding, and depth filtering with ALOS 30 m DEM- enabled 

accurate delineation and depth estimation following methods by Peter et al. (2022) and Cohen et al. (2018, 2019). 

Validation against Sentinel-2 and Digital Globe imagery (via MNDWI and confusion matrix) achieved 92.71–

98.87% producer’s accuracy for non-flooded areas, despite optical data limitations. Findings highlight the region’s 

dynamic flood behavior and underscore the need for continuous geospatial monitoring for adaptive management. 

Flood analysis (2015–2024) across Khulna, Bagerhat, and Satkhira shows marked interannual variability, with 

peak inundation in 2016 (1501.64 sq km) and lowest in 2023 (905.96 sq km). Satkhira experienced the highest 

flood exposure. Integration of LULC data and false-positive removal ensured accurate delineation, supporting 

localized flood risk and adaptive water management strategies. 
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             Table 1. Confusion matrix for accuracy assessment from                       

                multi-source satellite images and flood archive data                          Table 2. District wise Flood Inundated Area 

 

                    
 

Cyclone-induced flooding in 2019–2020 was analyzed using Sentinel-1 SAR VV data and ALOS DEM. Amphan 

(May 2020) caused severe inundation (987.66 km²) across Bagerhat, Khulna, and Satkhira, while Fani (May 2019) 

affected 658.05 km². Integration of LULC and flood-depth algorithms (Peter et al., 2020; Cohen et al., 2018, 2019) 

ensured accurate impact delineation. 

 

3.2 Evaluation of Land Use and Land Cover Classification 

LULC classification (2015–2024) for Khulna, Satkhira, and Bagerhat using Landsat 8 and Random Forest on 

GEE identified five classes via NDVI and MNDWI. Accuracy metrics show high reliability (OA: 88.73–96.39%; 

Kappa: 0.8523–0.9541). Results confirm robust, consistent mapping suitable for flood impact and environmental 

change analysis. Flood images from Sentinel-1 SAR were integrated with LULC maps (2015–2024) to quantify 

inundation across land cover classes using a binary flood mask and flood-depth correction (Peter et al., 2020; 

Cohen et al., 2018, 2019). 

 

 
 

Figure 4. An example LULC Classification Map for the year 2020 

 

The temporal analysis revealed significant interannual variability across agricultural land, vegetation, water 

bodies, and built-up areas. Agricultural land experienced the highest flood exposure in 2016 (730.80 km²; 48.67%) 

but declined sharply by 2023 (226.08 km²; 25.05%). Conversely, shrimp aquaculture (water bodies) showed a 

steady rise, peaking at 543.99 km² (45.34%) in 2024. Vegetation inundation fluctuated moderately (33.25–165.69 

km²), while built-up areas exhibited a marked increase, particularly in 2020 (661.05 km²; 45.66%) and 2021 

(622.63 km²; 44.83%). These findings indicate a shift in flood vulnerability from predominantly agricultural zones 

toward aquaculture and urban areas, underscoring the growing need for adaptive flood management, resilient 

infrastructure, and sustainable land-use planning in the coastal deltaic regions. 
          Table 3. Accuracy Assessment of LULC Classification                 Table 4. Flood Inundation Class from LULC 
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3.3 Evaluation of Population exposed to flooding 

Population exposure to flooding (2015–2024) in Bagerhat, Khulna, and Satkhira was quantified by overlaying 

Sentinel-1 SAR-derived flood maps with WorldPop population data. Results show peak exposure in 2016, with 

648,645 people affected (1,501.64 km² inundated), and the lowest in 2019 (297,571 affected; 963.06 km²). 

Bagerhat, Khulna, and Satkhira exhibited 5.8–13.9%, 4.7–11.0%, and 3.6–7.8% population exposure, 

respectively, highlighting significant temporal flood vulnerability. 

 

Table 5. Population exposed to flooding per district for the year 2015-2024 

 

 
 

 

4. Conclusion 

 

This study provides a decade-long (2015–2024) geospatial assessment of flood dynamics, land use impacts, and 

population exposure across the southwestern coastal districts of Khulna, Bagerhat, and Satkhira, Bangladesh. 

Utilizing Sentinel-1 Synthetic Aperture Radar (SAR) imagery and advanced processing techniques on the Google 

Earth Engine platform, flood extents were mapped with high spatial and temporal accuracy. The methodology 

incorporated elevation-based flood depth estimation using ALOS 30 m DEM and refinement through the removal 

of false positives, such as urban surfaces and transient waterlogging in paddy fields. Results reveal pronounced 

interannual flood variability, with 2016 identified as the most severe flood year and Cyclone Amphan (2020) as 

the most destructive cyclone event, inundating 987.66 km². Satkhira and Bagerhat showed persistent flood 

susceptibility, particularly in low-lying aquaculture zones. Land use overlay analyses revealed agricultural, shrimp 

aquaculture, and built-up areas as the most flood-affected categories, while population exposure analysis using 

WorldPop data estimated over 648,000 people affected during peak years.  

 

This research highlights the effectiveness of combining remote sensing and cloud-based geospatial tools to 

monitor floods and assess their impacts. The study underscores the increasing flood risks driven by climate change 

and land use changes, and provides a scalable approach for flood risk assessment and planning in other vulnerable 

deltaic regions. 

 

 

 



Aqib Mahmood, Tahmidur Rahman, Brinty Saha, Salsabil Mehrin Anika and Muhaiminul Islam Alim 

ICCEI 2025 

 

1687 

 

References 

 

Adam, E., Mutanga, O., Odindi, J., & Abdel-Rahman, E. M. (2014). Land-use/cover classification in a 

heterogeneous coastal landscape using RapidEye imagery: Evaluating the performance of random forest 

and support vector machines classifiers. International Journal of Remote Sensing, 35(10), 3440–3458. 

https://doi.org/10.1080/01431161.2014.903435 

Amini, S., Saber, M., Rabiei-Dastjerdi, H., & Homayouni, S. (2022). Urban Land Use and Land Cover Change 

Analysis Using Random Forest Classification of Landsat Time Series. Remote Sensing, 14(11), 2654. 

https://doi.org/10.3390/rs14112654 

Avci, C., Budak, M., Yağmur, N., & Balçik, F. (2023). Comparison between random forest and support vector 

machine algorithms for LULC classification. International Journal of Engineering and Geosciences, 

8(1), 1–10. https://doi.org/10.26833/ijeg.987605 

Butar, E. S. B. (2025). Flood impact assessment using earth observation data and geospatial technique: A case 

study from Bojonegoro Regency, Indonesia. IOP Conference Series: Earth and Environmental Science, 

1462(1), 012087. https://doi.org/10.1088/1755-1315/1462/1/012087 

Carreño Conde, F., & De Mata Muñoz, M. (2019). Flood Monitoring Based on the Study of Sentinel-1 SAR 

Images: The Ebro River Case Study. Water, 11(12), 2454. https://doi.org/10.3390/w11122454 

Cohen, S., Brakenridge, G. R., Kettner, A., Bates, B., Nelson, J., McDonald, R., Huang, Y., Munasinghe, D., & 

Zhang, J. (2018). Estimating Floodwater Depths from Flood Inundation Maps and Topography. JAWRA 

Journal of the American Water Resources Association, 54(4), 847–858. https://doi.org/10.1111/1752-

1688.12609 

Cohen, S., Raney, A., Munasinghe, D., Loftis, J. D., Molthan, A., Bell, J., Rogers, L., Galantowicz, J., 

Brakenridge, G. R., Kettner, A. J., Huang, Y.-F., & Tsang, Y.-P. (2019). The Floodwater Depth 

Estimation Tool (FwDET v2.0) for improved remote sensing analysis of coastal flooding. Natural 

Hazards and Earth System Sciences, 19(9), 2053–2065. https://doi.org/10.5194/nhess-19-2053-2019 

Da Silva, V. S., Salami, G., Da Silva, M. I. O., Silva, E. A., Monteiro Junior, J. J., & Alba, E. (2020). 

Methodological evaluation of vegetation indexes in land use and land cover (LULC) classification. 

Geology, Ecology, and Landscapes, 4(2), 159–169. https://doi.org/10.1080/24749508.2019.1608409 

Ghosh, A., Sharma, R., & Joshi, P. K. (2014). Random forest classification of urban landscape using Landsat 

archive and ancillary data: Combining seasonal maps with decision level fusion. Applied Geography, 48, 

31–41. https://doi.org/10.1016/j.apgeog.2014.01.003 

Gord, S., & Mavaddat, M. H. (n.d.). Flood Impact Assessment on Agricultural and Municipal Areas Using 

Sentinel-1 and 2 Satellite Images(Case study: Kermanshah province). 

Hütt, C., Koppe, W., Miao, Y., & Bareth, G. (2016). Best Accuracy Land Use/Land Cover (LULC) Classification 

to Derive Crop Types Using Multitemporal, Multisensor, and Multi-Polarization SAR Satellite Images. 

Remote Sensing, 8(8), 684. https://doi.org/10.3390/rs8080684 

Khan, N. S., Roy, S. K., Talukdar, S., Billah, Md. M., Iqbal, A., Zzaman, R. U., Chowdhury, Md. A., Mahtab, S. 

B., & Mallick, J. (2023). Empowering Real-time Flood Impact Assessment through the Integration of 

Machine Learning and Google Earth Engine: A Comprehensive Approach. In Review. 

https://doi.org/10.21203/rs.3.rs-2669062/v1 

Landuyt, L., Verhoest, N. E. C., & Van Coillie, F. M. B. (2020). Flood Mapping in Vegetated Areas Using an 

Unsupervised Clustering Approach on Sentinel-1 and -2 Imagery. Remote Sensing, 12(21), 3611. 

https://doi.org/10.3390/rs12213611 

McCormack, T., Campanyà, J., & Naughton, O. (2022). A methodology for mapping annual flood extent using 

multi-temporal Sentinel-1 imagery. Remote Sensing of Environment, 282, 113273. 

https://doi.org/10.1016/j.rse.2022.113273 

Peter, B. G., Cohen, S., Lucey, R., Munasinghe, D., Raney, A., & Brakenridge, G. R. (2022). Google Earth Engine 

Implementation of the Floodwater Depth Estimation Tool (FwDET-GEE) for Rapid and Large Scale 

Flood Analysis. IEEE Geoscience and Remote Sensing Letters, 19, 1–5. 

https://doi.org/10.1109/LGRS.2020.3031190 

Rahaman, S. N., & Shermin, N. (2022). Identifying the effect of monsoon floods on vegetation and land surface 

temperature by using Google Earth Engine. Urban Climate, 43, 101162. 

https://doi.org/10.1016/j.uclim.2022.101162 

Talukdar, S., Singha, P., Mahato, S., Shahfahad, Pal, S., Liou, Y.-A., & Rahman, A. (2020). Land-Use Land-

Cover Classification by Machine Learning Classifiers for Satellite Observations—A Review. Remote 

Sensing, 12(7), 1135. https://doi.org/10.3390/rs12071135 

Tazmul Islam, M., & Meng, Q. (2022). An exploratory study of Sentinel-1 SAR for rapid urban flood mapping 

on Google Earth Engine. International Journal of Applied Earth Observation and Geoinformation, 113, 

103002. https://doi.org/10.1016/j.jag.2022.103002 

 


